A new technique is described for the analysis of cloud-resolving model simulations, which allows one to investigate the statistics of the lifecycles of cumulus clouds. Clouds are tracked from timestep to timestep within the model run. This allows for a very simple method of tracking, but one which is both comprehensive and robust. An approach for handling cloud splits and mergers is described which allows clouds with simple and complicated time histories to be compared within a single framework. This is found to be important for the analysis of an idealized simulation of radiative-convective equilibrium, in which the moist, buoyant updrafts (i.e., the convective cores) were tracked. Around half of all such cores were subject to splits and mergers during their lifecycles. For cores without any such events, the average lifetime is 30 min, but events can lengthen the typical lifetime considerably.
Introduction
In recent years Cloud Resolving Models (CRMs) have become an increasingly important tool for the study of convective phenomena. CRMs should not be regarded as providing surrogates for observations; rather, they allow idealized but realistic simulations to be produced which provide a laboratory for the careful diagnostic analysis of generic convective systems. Such analysis is a distinctive methodology that is necessary to improve our understanding of the basic phenomena and to develop improved parameterization methods for larger-scale models.
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R. S. Plant (r.s.plant@reading.ac.uk) This paper describes and illustrates the use of a novel analysis technique for CRM data, which allows one to investigate statistical properties of the lifecycles of clouds produced during CRM simulations.
Current analyses of CRM data often focus on determining and understanding the spatial and temporal average properties of the full ensemble of convective clouds that are produced in the model in response to some specified external forcing (e.g. Petch et al., 2007) . Rather less attention has been devoted to the lifecycle behaviour of individual clouds. There are currently many simulations (whether labelled as CRM or otherwise) which are being performed with convection represented explicitly but at rather coarse resolution (∼1 to 5 km) (e.g. Petch et al., 2002; Done et al., 2004; Khairoutdinov et al., 2005) . In such simulations a deep convective cloud may occupy only a small number of model gridpoints. Thus, although the results may provide genuine value relative to their lower-resolution counterparts with parameterized convection (e.g. Roberts and Lean, 2008) , it is far from clear that the simulations will provide a good representation of individual clouds. A statistical investigation into cloud lifecycles could therefore be valuable in order to reveal which aspects of the lifecycles are well or poorly captured at these model resolutions. Even assuming a high-resolution simulation, however, statistical information on the cloud lifecycle would be useful to test the realism of the model clouds, and to allow one to examine the detailed effects of model parameterizations, such as the microphysics. A good recent study of cloud lifecycles in a CRM simulation is that of Zhao and Austin (2005a,b) . However, practical constraints limited that study to an investigation of six clouds, making it difficult to assess whether the results are generic.
Statistical investigations into the lifecycles of cumulus clouds could also allow improvements to be made to existing
Published by Copernicus Publications on behalf of the European Geosciences Union. convective parameterizations. Cho (1977) considered the effects of incorporating a cloud lifecycle into a cumulusensemble mass-flux framework, and showed that the effects on the apparent heating were negligible. However, an additional contribution arises in the apparent moisture sink compared to a steady-state cloud model, due to mixing of air from the decayed cloud with its environment. Another example comes from the popular Kain and Fritsch parameterization (Kain, 2004) for mesoscale models. A rudimentary lifecycle is included by assigning to the convective plumes a (somewhat arbitrary) lifetime which extends over multiple timesteps. The parameterization is a mass-flux scheme which considers a single plume to be representative of all convection occuring within a model grid box. Based on the pioneering study of Arakawa and Schubert (1974) , some other parameterizations consider a spectrum of convective plumes (Plant and Craig, 2008 , is a recent example). Future parameterizations might seek to combine these two features: multiple cloud types and a simple cloud lifecycle. However, this is not possible at present, essentially because there is a lack of available information about how the cloud lifecycle varies with cloud type (and forcing regime).
An important feature of many observed cumulus clouds is that they may evolve through a sequence of pulse-like events (e.g. Scorer and Ludlam, 1953; Blyth et al., 2005) . The existence of such pulses may complicate the careful tracking of cumulus clouds because identification criteria that pickout individual thermals are liable to pick-out objects that are subject to various interactions. Those interactions may be difficult to describe even qualitatively (Westcott, 1984) but both cell-merging (Wiggert et al., 1981; Weusthoff and Hauf, 2008a) and cell-splitting (Fujita et al., 1975) have been observed to be common phenomena. One of the goals here then is to develop a tracking system that is robust but detailed enough to deal with situations in which interactions between the tracked objects are commonplace.
An automated method is presented which first identifies and then tracks the development of individual clouds in a CRM simulation. Its most important characteristic is that it is run online, at every timestep, alongside the model simulation. By exploiting the high temporal resolution available in a model, it is possible to devise a tracking method that is at once simple, comprehensive and robust. The method is fully described in Sect. 2 and results obtained from tracking moist, buoyant updrafts in a CRM simulation are discussed in Sect. 3. Conclusions are drawn in Sect. 4.
Methodology
The purpose of the tracking algorithm is to capture the complete time evolution of each cloud produced in a numerical model simulation. The algorithm can be divided into three main parts, which will be described in turn below. Before proceeding to the details of the algorithm, we present Fig. 1 , which provides an example of an evolution that one would wish to describe in the tracking. Figure 1 shows the development of and inter-relationships between five "cloud objects", each object being a connected group of "cloudy" grid boxes (as defined in Sect. 2.1). The object O 1 can be recognized as a coherent and persistent structure (Sect. 2.2) for 67 min. It occupies an average of 6.6 grid boxes, growing from 2 connected grid boxes when first identified into an object of area 10 grid boxes by the time that it combines with another object, O 2 . This second object has occupied 2 grid boxes since it was first identified, 4 min before the combination. The combined object is denoted O 3 and retains coherence for 1 min before breaking-up into two distinct groupings: the small object O 4 and the larger and longer-lived object O 5 . We shall refer back to Fig. 1 on several occasions below in order to illustrate how the general tracking algorithm operates for this particular case.
Identify cloud objects at a given timestep
Cloud identification requires, first, a determination of the grid boxes that are considered cloudy, and second, connecting such boxes together into distinct structures that we will refer to as cloud objects. A wide variety of criteria have been used in the literature for the identification of cloudy boxes. Analyses of satellite observations often employ a brightnesstemperature threshold (e.g. Kuo et al., 1993; Carvalho and Jones, 2001; Machado and Laurent, 2004) . Other methods are based on radar echoes (e.g. Foote and Mohr, 1979; Dixon and Wiener, 1993; Theusner and Hauf, 2004) and even the visual inspection of photographs (e.g. Plank, 1969; Hozumi et al., 1982) .
In model simulations, the identification of cloudy grid boxes is less constrained by the character of the data and it is possible to define thresholds for model variables that are arguably more directly related to the presence of cloud. One popular choice (e.g. Xu and Randall, 2001; Cohen and Craig, 2006 ) is to use a vertical velocity criterion (w>1 ms −1 anywhere in the column) in order to pick out strong updrafts. This approach has its origin in analyses of aircraft observations Zipser and LeMone, 1980) . Other methods are simply to use model variables for cloud water and/or ice content (e.g. Cohen and Craig, 2006) , to consider the convective transport of boundary layer air by means of a passive tracer (Zhao and Austin, 2005a) , or even visual inspection of data in a virtual reality environment (Heus, 2008) . Siebesma and Cuijpers (1995) compared three identification methods for simulated shallow cumulus, which they referred to as the cloud decomposition (positive cloud water), the updraft decomposition (positive cloud water and vertical velocity) and the cloud-core decomposition (positive cloud water, vertical velocity and buoyancy). The cloudcore decomposition produced the best agreement between the mass flux representation of turbulent fluxes (assumed by many parameterizations) and the actual model fluxes. For related discussions, see also Swann (2001) ; Siebesma et al. (2003) ; Yano et al. (2004) .
It would be wrong to view any particular cloud definition as intrinsically correct. Rather the different definitions allow one to focus attention on different aspects of the cloud field. In Sect. 3 we will use a "cloud-core" definition, but it would be straightforward to implement other choices. Specifically, a grid column is taken to be cloudy in this study if a small positive threshold (10 −5 ) is exceeded for all three of the following variables on the same model level: the cloud water (in kg kg −1 ), the vertical velocity (in ms −1 ) and the buoyancy (actually θ v in K).
Once the "cloudy" grid boxes have been determined, it remains to connect adjacent boxes together into cloud objects. As discussed by Kuo et al. (1993) for example, either a foursegmented or eight-segmented method can be used, the former considering only those adjacent grid boxes which share a gridbox edge, whereas the latter also allows connections to neighbouring grid boxes along a diagonal. In Sect. 3 an eight-connected method will be used. For example then, the group of cloudy grid boxes labelled G 3 in Fig. 2 would be considered as an object containing six model grid boxes. Although Kuo et al. (1993) obtained similar results from the two methods, some differences occur in the numbers of onepoint and two-point cloud objects in coarse-resolution simulations (Lennard, 2004) .
For a cloud object to be included in the tracking process presented below, it is required to contain at least two cloudy grid boxes. Thus the very smallest clouds, such as the group G 1 in Fig. 2 , are ignored. One would not expect these to be well represented by the model. A further requirement for a cloud lifecycle to be included in the statistics is that tracking should be possible for at least 5 min. The combination of these two conditions helps to ensure that the final statistics should not be overly sensitive to the precise definition of cloudy grid boxes, since any isolated, short-lived fluctuations above a threshold are excluded. 
Relationships with cloud objects at the previous timestep
The purpose of the second part of the algorithm is to establish the relationships between cloud objects present at the current timestep and those present at the previous one. Many tracking methods have been developed for determining the evolution of features in data of relatively low temporal resolution (e.g. Dixon and Wiener, 1993; Carvalho and Jones, 2001; Machado and Laurent, 2004 , and references therein). Given two time slices, each of which contains one or more features of interest, the aim is to establish the features that are in common between the two slices, essentially satisfying oneself that a feature in the first slice is highly likely to have evolved into some feature(s) in the later slice. Often the method will involve forming some estimate of the propagation speed of the feature. On occasion, the relationships between features in the two time slices may not be entirely clear. (Data errors, such as radar clutter, can also produce some tracking errors, as noted by Weusthoff and Hauf (2008b) for instance.) Here the tracking algorithm is applied online, as a diagnostic component of the numerical model simulation. Because data is available to the tracking algorithm with very high temporal resolution, it is possible to establish the relationships between cloud objects at adjacent timesteps using a method that is both simple and comprehensive. It is assumed that in a single timestep all motion is less than a single horizontal gridlength. This is a numerical stability requirement for many of the advection schemes used by CRMs, including the LEM used in Sect. 3. For there to be a relationship between two cloud objects at adjacent timesteps, it follows that either the areas of the two objects must overlap, or else that the object at the current timestep must be no further than one grid box from that at the previous timestep. Thus, all of the relationships required can be found by looking for cloud objects present (at least in some part) at the previous timestep within a halo region for each current cloud object. Halos are illustrated in Fig. 2 , and comprise grid boxes that either overlap or are adjacent to the cloud object of interest.
From the set of all relationships, the character of the relationships between previous and current cloud objects can be determined. This proceeds from the construction of the maximum possible number of subsets of relationships, subject to the constraint that each cloud object at the current and previous timestep appears in one and only one subset. A useful property of each such subset can be denoted by p→c, where p and c are the total number of cloud objects in the subset from the previous and current timesteps respectively. This property allows the following characteristic relationships to be distinguished.
-0→1 (i.e., there is no relationship to a cloud object at the current timestep from any of the objects present at the previous timestep) signifies the birth of a new cloud object.
-1→0 signifies the death of a cloud object.
-1→1 (by far the most common occurrence in practice) signifies a straightforward continuation of a pre-existing cloud object.
-1→2+ signifies the splitting up of a pre-existing cloud object.
-2+→1 signifies a merger of pre-existing cloud objects to form a single object.
-2+→2+ signifies more complicated relationships, which might occur, for example, if a pre-existing cloud object simultaneously both breaks-up and absorbs another pre-existing cloud object. Such happenings are extremely rare, but nonetheless must be accounted for.
Note that 2+ has been used to denote two or more cloud objects. It is convenient to be able to distinguish between the births, deaths and straightforward continuations on the one hand, and the splits, mergers and complicated relationships on the other. In order to do so, we will henceforth refer to the latter types of relationship as "events".
Compile timeseries data for each cloud
We consider a cloud lifecycle to be terminated by the death of a cloud object, and to have begun at the birth of the first cloud object that can be linked to the dead object through the tracking process. For each cloud object, a timeseries is stored of relevant data, including such properties as the object size (number of grid boxes), the precipitation rate and mass fluxes. The procedure for updating and organizing the timeseries depends upon the character of relationships to the cloud objects present at the previous timestep, as we now explain. Births, deaths and straightforward continuations are easy to deal with, signalling respectively the start of a new timeseries, the output of a completed cloud lifecycle, and the addition of a new entry to a pre-existing timeseries.
For any event, the timeseries of all pre-existing cloud objects contributing to the event are closed and archived into a library. New timeseries are begun for all of the cloud objects from the current timestep that are involved in the event. The full time history for current cloud objects can thus be reconstructed by means of references to the library. If a current cloud object has been subject to a single event in reaching its current state then we describe it as being a second-generation cloud object. Higher orders of generation are also possible: for example, in Fig. 1 , O 4 results from a merger of two cloud objects, with the combined object then splitting up. Higher orders can be incorporated by extending the above procedure to allow inter-library references. In the example of O 4 then, this object is linked to the data for O 3 that is held in the library. But the library also contains the data for O 1 and O 2 , and information is retained to link O 3 back to this O 1 and O 2 data. The route from O 4 back to the birth of O 1 or O 2 requires a sequence of three cloud objects, so that O 4 may be considered a third-generation object. In this way, each current cloud can be followed back through all of its contributing elements.
As well as the character of each event, it is useful also to save parameters which estimate the relative contributions of the various cloud objects involved. Specifically, we calculate the quantities f c i which represent the fraction of a cloud object i from the previous timestep that can be linked to the current cloud object c. (The fraction should be interpreted as zero if there is no relationship between i and c.) For multigenerational clouds, this is generalized to a fractional association a c n with some cloud object n held in the library. The association is given by (1) where the summation extends over all possible combinations of library objects that lead from n to c. Applying these concepts to Fig. 1 The determination of the fraction f c i makes use of the areas occupied by the cloud objects concerned. In a 2→1 merger of objects i and j to produce object c, the fractions are trivially
while for a 1→2 split of object i into objects c and d we have
where A denotes the cloud object area. For example, just after the split in Fig. 1 , O 4 and O 5 occupied areas of 2 and 10 grid boxes respectively, resulting in the fractions marked on that figure. A generalization of the approach to encompass other events is given by the equation below, allowing fractions to be determined for potentially complicated events involving multiple cloud objects from both the previous and current timesteps. Specifically:
where l is the total number of relationships from a particular (subscripted) cloud object at the previous timestep to all objects at the current timestep. The reduced area r c may be positive or negative and is intended to provide an indication of any portion of the current cloud object c that is not linked to objects from the previous timestep. (In a merger, for example, a positive value would indicate an object at the current timestep that is larger than the sum of areas of its consitutent objects from the previous timestep.) It is defined by
where the primed summation extends over those objects i from the previous timestep that have a relationship to the current cloud object c. To complete the specification of the fraction, it remains to define the quantity N i . This is a normalization factor, chosen to ensure that all objects from the previous timestep that are involved in events are fully linked to current objects. Hence, N i is such that 
As a check on the formula in Eq. (4), it is easy to confirm that for a 2→1 merger and a 1→2 split, the fractions reduce to those given in Eqs. (2) and (3) respectively. Taking the split in Fig. 1 as an example, the reduced area for O 4 is the difference between its own area just after the split and the area of O 3 just before the split. Eq. (4) then indicates that the fraction linking O 3 and O 4 is proportional to the area of O 4 , and finally Eq. (6) provides the constant of proprtionality as the reciprocal of the sum of the areas of O 4 and O 5 .
We wish to be able to compare cloud lifecycles with events during their time history alongside simple lifecycles without any events. In order to do so, it is necessary to construct a single timeseries for each cloud lifecycle, even for lifecycles that encompass multiple events. We define the lifetime of a cloud lifecycle as its complete duration, extending backwards from the death of a cloud object to the birth of its first contributing object. For an extensive cloud property E, the lifecycle timeseries is obtained from
the sum extending over all contributing cloud objects n, with the understanding that this includes the terminating object c itself and that a c c =1. For an intensive cloud property I , the product of the association with the area of a cloud object is considered to provide a weighting factor, so that I c = n a c n A n I n n a c n A n .
As an example, consider the timeseries of total precipitation (an extensive variable) for the cloud lifecycle that concludes with the cloud object O 4 . The full timeseries covers 85 min, the first 63 min capturing 17% of the precipitation from O 1 , the next 4 min capturing 17% of the precipitation from O 1 and 17% of that from O 2 , the next 1 min capturing 17% of the precipitation from O 3 and the final 14 min capturing the entirety of O 4 .
Finally, we note two restrictions on the multi-generational cloud-object library that are imposed for purely practical reasons. If the library becomes very large, or if lifecycles extend through many generations, then searching through the library can become a time-consuming operation, considerably slowing the model simulation. Therefore, we remove from the library any archived cloud objects n with associations a c n that are less than 0.05 for all of the current cloud objects c. Moreover, we do not allow a lifecycle to extend backwards for more than 10 generations. Some diagnostics characterizing the removed cloud objects are output in order to allow various checks that the removals do not have significant adverse effects on the final lifecycle statistics. For example, in the simulation results to be presented in Sect. 3 the removed objects did not persist for long: under 2 min on average, which compares with an average of 14 min for the cloud objects retained in the library. Various test runs with different values for the removal criteria have also been performed to check explicitly for any effects of the removals. 
Results from a CRM simulation
The tracking algorithm described in Sect. 2 has been tested in both a cloud-resolving model and in artificial dynamical systems of cellular automata (based on variations of the gameof-life rules). The advantage of the artificial system is that its rules can be altered to test various aspects of the algorithm: for example, allowing events to be extremely rare or else frequent and complex. Explicit timestep-to-timestep validations have been performed to check that the algorithm is robust and functions as designed.
We present results for a simulation of radiative-convective equilibrium performed with the Met. Office Large Eddy Model (LEM) (Petch and Gray, 2001 ). The setup is not dissimilar to simulations that have previously been studied by Craig (2004, 2006) . The convection is forced by cooling the troposphere at 4 K day −1 , over a sea-surface which has its temperature held fixed at 300 K. The simulation domain is a doubly-periodic grid of size 64×64×20 km 3 with a horizontal gridlength of 2 km and 76 staggered vertical levels. The Coriolis parameter is set to zero and no mean wind is imposed, so that the convection is not expected to be organized by the large-scale state. In fact, limited selforganization does occur in such conditions, as discussed by Cohen and Craig (2006) ; Davies (2008) .
The LEM has a variable timestep, which can change during the simulation. This is to ensure good behaviour of the subgrid model (Mason, 1989; Brown et al., 1994) , and also that the CFL stability condition for advection remains satisfied throughout. The timestep ranges from 0.30 to 0.65 s, with a mean value of 0.51 s.
The simulation is run for 36 model days, of which the first 19.5 days are used to spin-up from a rather arbitrary initial condition to the equilibrium state. The domain-mean model state does not vary in time once equilibrium is reached, apart from fluctuations attributable to the finite size of the domain (Cohen and Craig, 2006) . Statistics are presented for 4617 lifecycles of convective cores that are tracked during the remainder of the simulation. Table 1 summarizes some basic statistics of interest. Although there are some isolated single cloudy grid boxes present, it is clear that the portion of the domain containing cloudy grid boxes (moist, buoyant updrafts) remains well captured when the grid boxes are combined into cloud objects. Complicated events are seen to be rare, as anticipated, but splits and mergers are not unusual.
The statistics for the proportions of various events are potentially very sensitive to the removal criteria applied to the cloud-object library (Sect. 2.3). However, in test runs allowing up to 40 generations and reducing the required associations to 0.01, the same proportions were produced to within 5%. Figure 3 shows the distribution of lifetimes (as defined in Sect. 2.3) for the convective-core lifecycles, both for all lifecycles (panel a), and for those whose time histories do not contain any events (panel b). 54.2% of the lifecycles do not contain any events, and these have a mean lifetime of 29.7 min. This is broadly consistent with observational studies on the lifetime of individual, isolated cells (e.g. Foote and Mohr, 1979; Westcott, 1984; Wilson et al., 1998) . The lifetime distribution appears to be approximately exponential up to ∼45 min, with a small peak for around 60 to 75 min. The rapid fall-off for lifetimes in the range 10 to 60 min is again qualitatively consistent with observations (see, for example, the distributions of radar cell lifetimes in Fig. 3 of Foote and Mohr, 1979, Fig. 8 of Wiggert et al., 1981, Fig. 12 of López et al., 1984 and Fig. 17 of Weusthoff and Hauf, 2008b) . Including the lifecycles which do contain events enhances the proportion of the long-lasting lifecycles, raising the mean lifetime to 54.6 min. Again, this chimes with observations of radar cells, which show that merged echoes persist for significantly longer than unmerged echoes (Wiggert et al., 1981; Westcott, 1984 Westcott, , 1994 Wilson et al., 1998) . In Sect. 3.2 we discuss further the effects of events on the convective core lifetime.
Convective core lifetimes
Examining timeseries for individual lifecycles shows that (as expected) there is strong lifecycle-to-lifecycle variability, with qualitative differences in the development. Nonetheless, it is possible to draw out some general properties of the simulated, convective-core lifecycles by normalizing the timeseries of each lifecycle and then compositing these to produce an averaged lifecycle. López et al. (1984) and Weusthoff and Hauf (2008b) composites for radar cells. Here, the time is normalized using the lifetime, and each cloud property is normalized for each lifecycle by its time-mean value across the lifecycle. Figure 4 shows such composites for various cloud properties, and for lifecycles with different ranges of lifetime. Panel (d) shows the centre of mass, h, which is defined as the mass-weighted first moment of C, the mixing ratio of the total condensed water (here, the sum of rain, snow and cloud liquid water, graupel and ice).
z is the height and ρ the density. In order to demonstrate the variability between lifecycles, and to allow comparison with that across lifecycles, Fig. 5 shows frequency distribution functions of normalized cloud properties for selected lifecycle stages. Clearly the longer-lived lifecycles have more pronounced variations across their lifecycles. This is consistent with the evolution of the composite lifecycles constructed by López et al. (1984) ; Weusthoff and Hauf (2008b) . The short lifecycles (those with lifetimes less than 30 min) receive little support for time development, the vertically-integrated mass flux decreasing monotonically through their composite lifecycle (Fig. 4c) . The decrease is rather strong and is most rapid during the latter part of the lifecycle, in qualitative agreement with some of Barnes et al.'s (1996) aircraft observations. The cloud area and centre of mass remain almost constant through the composite short lifecycle (Fig. 4a,d ).
Measures of updraft strength (the area and mass flux) for the longer lifecycles (those with lifetimes larger than 30 min) exhibit clear peaks towards the later part of the composite lifecycles, and (as in López et al., 1984; Weusthoff and Hauf, 2008b) seem to have their strongest variations at the start and end of the lifecycles. The longer composite lifecycles increase their centre of mass throughout (Fig. 4d) . This may occur due to vertical transport of the normalized condensate, or else because the production of condensate occurs at progressively higher levels through the course of the lifecycles.
The mass flux frequency distributions (Fig. 5b) are consistent with the composite lifecycles, changing most strongly at the start and end of the lifecycles and with the largest mass fluxes tending to occur a little after the midpoint. The distributions have a broad spread, comparable to or perhaps somewhat larger than the variations seen in the composites across the lifecycle. This suggests that the composites do indeed have value in describing the lifecycle, but that caution should be used in interpreting them as generic lifecycles. Note also that the frequency distributions tend to become more spread as the lifecycle progresses.
The normalized precipitation rate shows a considerable increase across the composite lifecycles and the rates remain relatively large when the lifecycle is terminated. This is consistent with the notion that the lifetime of a convective updraft is similar to the time required for precipitation to develop (Rogers and Yau, 1989) . It also highlights the importance of differences between convective cloud definitions. For example, the rain rate of the composite radar cells constructed by Weusthoff and Hauf (2008b) peaks midway through the lifecycle. Moreover, Fig. 5a shows that the use of a precipitation threshold would not capture many of the convective cores during the first 10% of their lifecycles. Certainly then, it would not be appropriate to compare too directly the lifecycle statistics obtained here to statistics obtained by, say, tracking radar echoes. Comparisons of a qualitative nature may nonetheless be reasonable and have been made above. We consider that such comparisons are valuable in order to demonstrate that these model-based statistics are physically plausible, but they are not intended as a detailed assessment of the accuracy of the simulation.
Observationally-based "cloud" identification and tracking methods (such as those cited in Sects. 2.1, 2.2) are strongly constrained by the nature of the available data. Systematic studies of the sensitivity of lifecycle statistics to cloud definition are needed, both to inform comparisons between clouds observed with different systems and to allow comparisons between modelled and observed clouds.
The role of events within the lifecycle
It was shown in Sect. 3.1 that lifecycles containing "events" in the time history had considerably longer lifetimes on average than those without any events. Here we consider the role of events in more detail. Figure 6 shows the distribution of times that separate consecutive events identified by the tracking algorithm. For separations larger than ∼5 min, the distribution is roughly exponential. However, many of the events picked-out by the algorithm are quickly followed by other events, often within tens of seconds. Indeed 49.1% of all event separations are less than 1 min. The interpretation is that the joining together or breaking up of cloud objects is rarely a clean process that happens once only at a single timestep. Rather, the joining (for example) of two cloud objects is more typically a somewhat messy affair, perhaps with some portion of the combined object becoming temporarily detached as the constituent parts coalesce to produce what may ultimately become a unified entity.
In order to examine the effects of cloud objects joining up or splitting, it would therefore not be appropriate to rely on the total number of events found by the tracking algorithm as a useful measure. The total reflects not only the number of incidents occurring in a lifecycle, but also how clean or messy those incidents are. Instead, we prefer to define "separated events" as those events satisfying the following criteria.
-The event must not take place within 5 min of the start or end of the lifecycle.
-The event must take place at least 5 min after the previous "separated event".
Thus, the evolution shown in Fig. 1 for example, would be considered to contain one separated event. The choice of 5 min is a reasonable but somewhat arbitrary one. It is equivalent to a relatively high time resolution that might be available in the data from current operational radar networks (e.g. Weusthoff and Hauf, 2008a) . We have checked that our conclusions are not qualitatively affected by reasonable changes of this choice. Some statistics based on separated events are shown in Figs. 7 and 8. There are 2113 lifecycles that contain separated events, and the effects on lifetime are indeed considerable. Each separated event increases the mean lifetime by about 15 min, or around half the mean lifetime of a lifecycle that does not contain any separated events.
A simple-minded explanation for this increase can be provided if it is supposed that each convective core initiated has a mean lifetime of ≈30 min (irrespective of whether there is another core close by), and that if cores are to be initiated in the vicinity of a pre-existing core then the characteristics and lifecycle-stage of the pre-exisiting core have no effect on the initiation process. These are strong assumptions, and whether there is any truth in the explanation we leave as a topic for future work. Westcott's comment (1994, p789) , based on observations of the merging of radar echoes, that "merging itself may be considered a passive process" is suggestive. More solidly though, there are at least hints in Figs. 7a and 8 that the idea may not be entirely unreasonable. Statistical independence of the cores would imply that the number of events satisfies a zero-truncated Poisson distribution: such a distribution is overlaid on Fig. 7a . Moreover, the timing of separated events within the lifecycles is shown in Fig. 8 . Although such events are less likely to occur towards the beginning or end of a lifecycle, the likelihood of events for most of the lifecycle is fairly uniform.
Conclusions
This paper describes the design and implementation of a novel method for analysing the results of CRM simulations. The algorithm developed operates as an almost selfcontained diagnostic suite that is plugged into the model simulation. The objective is to identify clouds from the CRM results and track their evolution. By examining the cloud field on a timestep-to-timestep basis it is possible to exploit the high temporal resolution data available to an online diagnostic system. In conjunction with a numerical stability condition that is satisfied by the advection schemes typically used in CRMs, a simple methodology is sufficient to provide comprehensive and robust tracking. The algorithm has been designed to be as generic as possible. Alternative identification criteria for cloudy grid boxes would be trivial to implement, and most of the decisions about how to examine the lifecycle data are deferred to the postprocessing. Thus, the methodology would be straightforward to adapt in order to track other features online in other models.
The use of the methodology was demonstrated for an idealized simulation of radiative-convective equilibrium. The statistics obtained allow one to quantify the behaviour of the simulated convective clouds in ways that are not accessible to other analysis methods. We chose to track moist, buoyant updrafts, which we referred to as convective cores. Around half of all the cores tracked were subject to merging and splitting during their lifecycles. While this fact complicates the analysis, we were able to demonstrate how cores with simple and complicated time histories can be considered within a single framework and to demonstrate explicitly the considerable impact of "events" on the core lifetimes.
